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Abstract—This paper investigates the channel estimation prob-
lem in a multiple-input single-output (MISO) reconfigurable in-
telligent surface (RIS) non-orthogonal multiple access (NOMA)-
assisted terahertz (THz) communication system where users
experience mobility and varying small-scale fading character-
ized by the generalized o — p distribution. Reliable channel
estimation becomes challenging when passive RIS elements and
superimposed NOMA signals operate under high attenuation
of THz band. We propose a novel deep learning framework,
THz RIS-NOMA Channel Estimation (TRiNCE), for cascaded
channel estimation. TRiNCE is designed as a GRU-based condi-
tional Wasserstein Generative Adversarial Network with Gradi-
ent Penalty ((WGAN-GP). TRiNCE performance is evaluated
under various o« — p fading conditions, the number of RIS
elements, NOMA power allocation factors, and the number of
BS antennas. The model achieves an R? score of 0.85 under
Rayleigh fading and up to 0.95 under milder a—x conditions. It
further demonstrates strong robustness, maintaining high esti-
mation accuracy with less than 2% performance variation across
different RIS sizes and NOMA power allocation factors, and only
~ 7% degradation when the number of BS antennas increases
from 1 to 5. Results show that TRiINCE not only provides
accurate and reliable channel estimation across all tested network
configurations but also significantly outperforms convolutional
neural network (CNN), long short-term memory (LSTM), and
gated recurrent unit (GRU) baseline models while requiring sub-
stantially fewer trainable parameters. This establishes TRINCE
as a computationally efficient and effective solution for channel
estimation in RIS-NOMA -assisted THz communication systems.

Index Terms—Channel estimation, Deep learning, THz com-
munications, NOMA, RIS, 6G, « — u fading, CGAN.

T. Khan is with the Faculty of Engineering and Applied Science, Memorial
University, St. John’s, NL A1C 5S7, Canada (e-mail: tkhan23 @mun.ca).

A. A. Cheema is with School of Engineering, Ulster University, 2-24 York
Street, Belfast, BT15 1AP, UK (e-mail: a.cheema@ulster.ac.uk).

G. Seginti is with Department of Computer Engineering, Istanbul Technical
University, 34467 Istanbul, Turkey (e-mail: secinti@itu.edu.tr).

B. Canberk is with is with the School of Engineering and Built Envi-
ronment, Edinburgh Napier University, EH11 4BN Edinburgh, UK, (e-mail:
b.canberk @napier.ac.uk).

T. Q. Duong is with the Faculty of Engineering and Applied Science,
Memorial University, St. John’s, NL A1C 5S7, Canada and also with the
School of Engineering and Built Environment, Edinburgh Napier University,
EHI11 4BN Edinburgh, UK (e-mail: tduong@mun.ca).

This work was supported in part by the Canada Excellence Research Chair
(CERC) Program CERC-2022-00109 and in part by the Natural Sciences and
Engineering Research Council of Canada (NSERC) Discovery Grant Program
RGPIN-2025-04941. The work of B. Canberk is partially supported by The
Scientific and Technological Research Council of Tiirkiye (TUBITAK) 1515
Frontier R&D Laboratories Support Program for Tiirk Telekom 6G R&D Lab
under project number 5249902.

Corresponding author is Trung Q. Duong.

I. INTRODUCTION

Sixth-generation (6G) wireless networks are expected to
support new applications and services beyond the scope of
5@, such as holographic communications, immersive 3D mul-
timedia, extended reality (XR), Internet of Everything (IoE),
and autonomous systems [1]. These applications will require
very high key performance indicators (KPIs), such as peak
data rates of up to 1 Tbps, which is fifty times higher than the
20 Gbps supported by 5G, end-to-end latencies below 0.1 ms,
and network reliability exceeding 99.99999%. Furthermore,
6G networks will have to support ultradense connectivity with
user densities reaching 107 devices/km? [2]-[6]. This massive
connectivity is driven by the paradigm of ubiquitous sensing
in smart cities, where emerging data sources, ranging from
consumer electronics to large-scale internet of things (IoT)
deployments continuously collect and transmit vast amounts
of environmental data. The efficient fusion of this multi-modal
data is critical for urban resilience but imposes unprecedented
demands on the wireless infrastructure, necessitating artificial
intelligence (Al)-enhanced solutions to ensure reliable com-
munication. To meet these strict requirements, research has
focused on two main approaches: increasing spectral efficiency
and exploiting wider bandwidths, typically on the order of sev-
eral gigahertz (GHz) [7]. However, existing frequency alloca-
tions (mmWave bands) offer insufficient bandwidth (~7 GHz).
So, achieving even 0.1 Tbps with this limited spectrum would
demand a spectral efficiency of at least 14 bps/Hz, which is
unfeasible due to technological and hardware limitations. This
limitation necessitates moving beyond mmWave toward higher
frequency bands [8].

The largely untapped terahertz (THz) band spanning 0.1-10
THz offers wide bandwidth availability, providing the capacity
for extremely high data rates (exceeding 100 Gbps), to support
the massive traffic expected in 6G networks [1], [9], [10].
Moreover, the diminishing wavelength in the THz band helps
in the development of high gain antennas, enabling massive
spatial multiplexing and improved communication efficiency
[11]. The ultra high operating frequency also reduces the
transmission latency, which is critical for delay sensitive
applications [9].

However these shorter wavelengths also present some sig-
nificant challenges. THz waves experience higher Free Space
Path Loss (FSPL) and increased molecular absorption, espe-
cially due to atmospheric gases and weather-related attenua-



tion, which can severely limit their effective range [9], [12].
Reflection and scattering losses are also more pronounced in
THz frequencies because the short wavelengths easily reflect
from rough surfaces and human blockages [13], [14]. To
address these propagation challenges, emerging technologies
like reconfigurable intelligent surfaces (RISs) [15] and non-
orthogonal multiple access (NOMA) [16] have the potential
to enhance coverage, spectral efficiency, and energy efficiency
[17] while leveraging the unique advantages of the THz band.
RIS is a two-dimensional array of low cost and passive
elements that offers programmable control over the wireless
environment [18]. By controlling the phase shift of these
elements, RIS creates an adaptive signal steering environ-
ment which can boost the signal coverage and minimize the
interference [19]-[22]. In order to mitigate signal blockage
in THz communication, RIS can create virtual line-of-sight
(LoS) links between base stations and users where direct
paths are blocked, thereby improving data rates and reliability
[23], [24]. The passive nature of these RIS elements results
in low power consumption, offering a sustainable solution
for enhancing system capacity [25]. Furthermore, RIS can
be easily installed on existing infrastructure, such as walls,
buildings, or billboards, making it a practical and cost-effective
deployment strategy for dense urban environments [24].
Another important enabler for 6G is NOMA, which helps
to increase spectral efficiency by enabling multiple users to
share the same time-frequency resources by using power-
domain multiplexing. While traditional orthogonal multiple
access (OMA) schemes need to reserve separate resource
blocks for each user, NOMA uses intelligent power alloca-
tion and successive interference cancellation (SIC) to enable
massive connectivity, one of the most important requirements
for ultra-dense networks of 6G [26]. This approach helps to
improve system capacity and the quality of service (QoS) by
dynamically prioritizing cell edge users by optimized power
distribution [27]. Furthermore, NOMA’s inherent flexibility
enables efficient support for diverse 6G applications with
varying QoS requirements, from bandwidth-intensive extended
reality to low-power massive IoT deployments [2], [28].
Recent research shows that the integration of RIS with
NOMA in THz communications has emerged as a promis-
ing strategy to enhance wireless network performance. By
combining the strengths of both technologies, with the high
bandwidth availability at THz frequencies, we can address
the critical demands of next-generation wireless systems, in-
cluding spectrum scarcity, high data rate requirements, energy
efficiency, and severe path loss inherent to THz frequencies
[29]. A RIS-NOMA-assisted user pairing scheme for THz
communication (RTHz-NOMA), proposed in [30], shows that
RTHz-NOMA significantly outperforms OMA in terms of
sum-rate performance, even under molecular absorption con-
ditions. Furthermore, the proposed user-pairing approach leads
to a substantial enhancement in the bit error rate (BER) when
compared to conventional THz NOMA and OMA systems that
do not incorporate RIS. RIS assisted NOMA in THz networks
significantly improves aggregated throughput and spectral ef-
ficiency compared to conventional schemes, especially with
joint optimization of power allocation and RIS beamforming

[23], [31], [32]. The use of advanced RIS configurations like
STAR-RIS further improves energy efficiency in multiple-
input and multiple-output (MIMO)-NOMA systems when
compared to OMA and random phase shift-based schemes
[32]-[35]. It is worth noting that the performance gains in
spectral and energy efficiency offered by the RIS-NOMA-THz
framework come at the cost of increased system complexity,
particularly regarding channel estimation and SIC. However,
these technologies are critical for overcoming the severe block-
age and connectivity challenges of THz-based 6G networks.
Consequently, the development of low-complexity algorithms
for channel estimation is essential to mitigate this overhead,
ensuring that these system trade-offs remain favorable for next-
generation networks.

Due to the short wavelengths at THz band, signals are
highly sensitive to scattering, reflection, and rapid constructive
and destructive interference, which results in significant small-
scale fading. This makes accurate fading models essential for
robust system design [13], [14]. Given the complex propa-
gation environment of the THz band, accurate modeling of
small-scale fading becomes difficult. Most of the research
in THz channel modelling has been conducted with a LoS
channel considering deterministic large-scale fading effects
only [36]. In [36], a simplified molecular absorption loss
model is proposed for 100-450 GHz bands. Recent research is
being done to investigate the small-scale fading effects of THz
bands [37]. Traditional fading models like Rayleigh and Rician
are often unsuitable for THz frequencies, whereas the more
general o — p distribution [38] has been shown to fit empirical
measurements more accurately, confirmed by the Kolmogorov-
Smirnov (KS) test [37], [39]. The a—p distribution is a flexible
fading model that includes the Gamma, exponential, Weibull,
Nakagami-m, Rayleigh, and one-sided Gaussian distributions
as special cases. While traditional models like Rayleigh and
Rician are simpler and offer mathematical tractability, they
are unable to capture the complex propagation characteristics
of THz links [39]. In contrast o« — p fading model provides
an excellent fit for small-scale fading in both LoS and non-
line-of-sight (NLoS) THz wireless links [37], [39]. Moreover,
it also maintains mathematical tractability, which allows for
the derivation of closed-form expressions for key performance
metrics such as outage probability, BER, and ergodic capacity,
which is essential for evaluating and optimizing THz commu-
nication systems [40]-[43]. Numerous studies have validated
these analytical results through simulations, confirming the
o — p distribution’s accuracy and effectiveness in THz channel
modeling [40], [41]. The main contributions of this paper are
summarized as follows:

o« We propose and investigate a novel, integrated system
model for a downlink MISO RIS-NOMA-assisted THz
communication system. The model incorporates multiple
transmit antennas at the BS and multiple single-antenna
users, enabling a more practical and scalable multi-user
setting compared to existing SISO-based works. The
channel is modeled under the generalized a—u fading
distribution, enabling robust evaluation across diverse
small-scale fading conditions.



o We develop a comprehensive time-varying MISO RIS-
NOMA-THz dataset generation pipeline that produces
complex in-phase and quadrature (I/Q) components of
received signals and the corresponding complex 1/Q cas-
caded channels. The dataset incorporates multiple users,
a — p fading, FSPL, molecular absorption effects, and
user mobility.

« We propose TRiNCE, a lightweight GRU-based condi-
tional WGAN-GP architecture specifically designed for
RIS-NOMA -assisted THz channel estimation. TRiNCE
efficiently learns the nonlinear mapping from received
complex I/Q NOMA signals to the complex-valued cas-
caded channels, capturing both real and imaginary com-
ponents while maintaining low computational complexity
to mitigate the trade-off between system performance and
feasibility.

o TRIiNCE is extensively evaluated across variations in
fading severity controlled by o — p, number of RIS
elements, NOMA power allocation factors and number
of transmit antennas.

o We demonstrate that the proposed model outperforms
convolutional neural network (CNN), long short-term
memory (LSTM), gated recurrent unit (GRU) and CNN-
LSTM models. It achieves highest R? score and lowest
normalized mean squared error (NMSE) with signifi-
cantly fewer trainable parameters than competing models.

The rest of the paper is structured as follows. Section II
surveys the related works concerning THz propagation channel
modeling, RIS-NOMA integration in THz communications,
and existing channel estimation techniques in RIS-NOMA and
RIS-assisted THz systems. Section III presents the downlink
RIS-NOMA-assisted THz communication system model and
formulates the channel estimation problem. The proposed deep
learning (DL) framework is introduced in Section IV. Section
V presents the performance analysis of the proposed model
under various channel conditions, numbers of RIS elements,
NOMA power allocation factors and number of transmit
antennas. Finally, Section VI concludes the paper and outlines
potential directions for future work.

TABLE I: Summary of channel estimation techniques for RIS-
NOMA-THz systems

Ref. RIS NOMA THz  Small-scale fading

[44] v v - Rician
[45], [46] v v - Rayleigh
[47], [48] v v - Rayleigh

[49] v v - Rayleigh
[501, [51] - - v Geometric
[52], [53] v - v Geometric
[541-[56] v - v Geometric
This work v v v a— i

II. RELATED WORKS
A. Channel Modelling in THz band

Channel modeling is the process of mathematically express-
ing the channel characteristics and serves as the basis for
system design, optimization, and performance analysis. There

are two types of channel models: deterministic models and
stochastic models [57]. Deterministic models are based on
precise environmental data, e.g., the building’s architecture,
and physical laws governed by electromagnetic wave theory
to determine how the signal will interact with and travel
through the environment. Key deterministic effects include
FSPL and molecular absorption caused by atmospheric gases.
Stochastic channel models use random variables and statistical
distributions, e.g., Rayleigh, Ricean, o — p, to capture the
unpredictable complex channel characteristics. These models
are based on the statistical properties from real measurements.

Several deterministic and statistical models have been pro-
posed to capture the characteristics of THz channels. The work
in [58]-[60] explores the effects and models for FSPL and
molecular absorption in THz channels. A simplified model
to capture the deterministic fading effects in the 200 to 400
GHz bands is presented in [61]. This model is adapted for
the RIS-aided communications in [62]. An analytical path loss
model for the THz band, dependent on frequency, propagation
distance, and altitude, is proposed in [63]. According to the
comparative analysis of three different path loss models, two
statistical and one deterministic, done in [60], the deterministic
path loss model showed much higher path loss than the sta-
tistical models because it was able to capture the environment
more accurately. In [64], the authors present a survey of three
main aspects of the THz channel model: experimental channel
sounding, deterministic ray tracing simulations, and statistical
stochastic channel modeling.

Geometry-based stochastic models (GBSMs) inherently
capture both large-scale and small-scale fading by combining
deterministic cluster geometry with stochastic multipath ef-
fects. A 3D GBSM for dynamic MIMO channels in the sub-
THz band is presented in [65]. The model uses a receiver
centered spherical geometry with local clusters of scatter-
ers and individual reflectors. Simulations show that speed,
motion duration, antenna spacing, and carrier frequency are
important factors to be considered for designing future sub-
THz uncrewed aerial vehicle (UAV)-Air-to-Air(A2A) MIMO
systems. Another 3D GBSM model is proposed in [66] that
uses a double spherical structure to represent the wireless
channel. By incorporating the effect of nano-material antenna
arrays and the high losses of THz bands, the model captures
key THz ultra massive MIMO characteristics. The authors
concluded that the proposed model and its statistical properties
are useful for designing THz systems for 6G and beyond.
Geometric channel models have also been used to characterize
the cascaded channels in RIS-aided THz communications in
[52]-[56].

Small-scale fading modeling in the THz band is a relatively
new area of research, with most of the literature being quite
recent. Experiments in [67] show that the fading envelope
follows the Nakagami-m distribution under both LoS and
NLoS conditions. Rician fading models have been selected
for THz channel modelling in [11], [29]. In [11], the authors
assumed that THz communications are dominated by LoS
propagation paths, making Rician fading more appropriate to
model the effects of small-scale fading. The authors in [29]
consider a channel model that incorporates both LoS compo-



nent and NLoS multipath components. The LoS component of
the channel is modeled using Rician fading, and the individual
NLoS paths are modeled using Rayleigh distributed amplitude
variations combined with distinct time delays. However, mea-
surement campaigns show that traditional fading models such
as Rayleigh, Rician, or Nakagami-m are generally insufficient
to capture the characteristics of THz signals under both LoS
and NLoS conditions [39]. To address this, more flexible
models have been considered. The fluctuating two-ray (FTR)
model [68] has been applied in RIS-THz systems and THz
backhaul networks to derive analytical expressions for outage
probability and ergodic capacity [62], [69], providing better
flexibility in modeling random fluctuations of the signals.
However, the high costs of numerical evaluations associated
with the FTR model make it computationally inefficient [70].
Among generalized fading models, the a—p distribution has
become a popular choice because of its ability to fit THz
channel measurements more accurately than classical models
[39]. Inspired by the work done in [39], the authors in [71]
select a—p fading model to develop a comprehensive analytical
framework for RIS-assisted THz systems. They propose a
novel closed-form approximation that eliminates the need for
computationally complex multivariate Fox’s H functions while
maintaining mathematical tractability. Their results support
that the a—p modeling is essential for accurate performance
assessment of THz systems. In [40], the performance of a
RIS-assisted THz system is analyzed by deriving exact closed-
form expressions for the probability density function (PDF)
and cumulative distribution function (CDF) of the small-
scale fading channel, considering the combined effects of
a—p fading and zero-boresight pointing errors. In [72], the
a—p distribution is used to capture the statistical variations
of THz signals in indoor STAR-RIS-assisted NOMA systems,
while for outdoor settings, mixture-based models (Gamma and
Gaussian mixture) are adopted. Based on these fading models,
outage probability and ergodic capacity expressions are ob-
tained for STAR-RIS-assisted THz systems and confirmed the
suitability of the a—pu distribution as a generalized framework
for small-scale fading in THz communications.

B. Existing Techniques for Channel Estimation

For NOMA systems, accurate channel state information
(CSI) is essential at the receiver to ensure reliable detection
and decoding of each user’s data, and in dynamic environments
with fading or mobility, estimation errors can significantly
degrade performance [44], [73]. Channel estimation in RIS-
NOMA systems is challenging due to the passive nature
of RIS elements and the presence of superimposed signals
inherent to NOMA. In [45], a CNN-LSTM-based DL model
for robust channel estimation in RIS-NOMA systems is pro-
posed. It combines CNN for spatial feature extraction and
LSTM for temporal feature learning. This method outperforms
traditional models, resulting in improved estimation accuracy
across multiple performance metrics. The proposed model
utilizes both the magnitude and phase of the received signal as
inputs and estimates the channel magnitude. The study in [46]
extends this approach using Quantum-based LSTM(QLSTM)

models in to highlight the potential of quantum machine
learning(QML) in channel estimation. A hybrid architecture
combining a 1D-CNN with Bidirectional LSTM (BiLSTM)
and GRU was proposed for estimating NOMA channel mag-
nitudes in [74]. Linear minimum mean square error (LMMSE)
estimation was used to estimate the complex channel gains in
RIS-NOMA setups [44]. They found that increasing the pilot
sequence length improves estimation accuracy even with hard-
ware impairments. Techniques like alternating least squares
(ALS) and vector approximate message passing can estimate
the cascaded channels iteratively, achieving performance close
to the theoretical Cramér-Rao Bound [49].

THz channels have high propagation losses and strong
frequency selectivity making accurate channel estimation even
more difficult [75], [76]. THz channel estimation is an emerg-
ing research domain, and the majority of existing literature
has focused on the estimation of geometric channel models. A
CNN based THz channel estimator that estimates real-valued
channel factors was proposed in [50]. These factors include
path loss, time of arrival, phase change on arrival and azimuth
and elevation angles of arrival and departure. Using these esti-
mated factors with the geometric model equation, the channel
can be determined completely. A tensor based channel estima-
tor was used in [54] to estimate the geometric structure of the
RIS-THz channel. This method provides accurate parameter
estimates and maintains computational efficiency [54]. Recent
studies have explored the sparse structure of the THz channel
in the angular domain to improve channel estimation accuracy.
A Two-stage estimator leverages the sparsity in the angular
domain of the cascaded channels to separate the BS-RIS and
RIS-user channels, using atomic norm minimization and low-
complexity algorithms like alternating direction method of
multipliers (ADMM) to achieve superior estimation perfor-
mance compared to traditional approaches [52]. The authors
in [77] proposed a sparsifying matrix learning-aided Bayesian
approach for THz ultra-massive (UM)-MIMO systems. This
method utilizes dictionary learning to capture the coexistence
of near- and far-field paths, effectively handling the structured
sparsity of the channel. Compressed sensing (CS) based meth-
ods have also been proposed for channel estimation to reduce
pilot overhead and computational complexity by exploiting
the dual sparsity of THz MIMO channels in both angular
and delay domains [56], [78].In [55], the authors exploit the
inherent sparsity of the THz geometric channel and formulate
channel estimation as a sparse recovery problem. They replace
traditional CS algorithms with a two-stage neural network.
In the first stage, two linear perceptrons separately process
the real and imaginary parts of the received pilot signals to
mimic the linear measurement process. Second stage uses a
multilayer perceptron (MLP) to estimate the sparse channel
gains of the propagation paths. In [79] a Markov process based
THz channel is estimated using a residual network, Estimation
ResNet (E-ResNet), and the model is evaluated for a single
user. A deep learning model for channel estimation in hybrid-
field THz UM-MIMO systems was proposed in [51], using
geometric models for near and far field channels. The network
has a BiLSTM layer, a GRU layer, and an output dense layer
with a single neuron. For a single antenna, the received signal



has N complex pilot samples, which are split into real and
imaginary parts, giving 2N real values. Each value is treated
as a separate timestep by the proposed model, which processes
the sequence to predict a real-valued channel representation.
This procedure is repeated for all N antennas to obtain the
full set of channel estimates.

In RIS-NOMA-assisted THz systems, accurate estimation
of the cascaded channel presents a critical challenge. Reliable
channel knowledge is essential for effective SIC to decode
superimposed user signals. However, to avoid the high over-
head of conventional pilot-based methods, the receiver must
infer the cascaded channel directly from the received NOMA
signals. This task is complicated by THz-specific impairments
such as severe path loss, molecular absorption attenuation,
and rapidly fluctuating small-scale fading. Additionally, the
cascaded channel consists of multiple antenna paths, each
with T and Q components, which increases the dimensionality
and requires the simultaneous prediction of multiple complex
channel components.

A critical analysis of existing literature, summarized in
Table I, reveals a significant gap in this integrated context.
While channel estimation for RIS-NOMA systems has been
extensively explored in works such as [44], [45], and [46],
these studies are limited to conventional fading environments.
Specifically, they rely on standard Rayleigh or Rician fading
models, which fail to capture the severe path loss and unique
propagation characteristics inherent to the THz band. Recent
advancements in THz channel estimation include DL based
geometric model estimators in [50] and [51], which focus on
THz channels without RIS. For RIS-assisted THz systems,
tensor-based approaches in [54] and DL based geometric
model estimators in [55] are also proposed. In these existing
approaches, the network either predicts only the channel
magnitude or estimates real-valued geometric channel factors,
which then need to be combined using geometric equations
to reconstruct the full complex channel. Moreover, existing
THz channel estimation works do not account for the com-
plexity of superimposed signals found in NOMA and rely
heavily on deterministic geometric channel models rather than
generalized statistical distributions. In contrast, the proposed
method directly predicts both the real and imaginary com-
ponents of the complex channel, enabling end-to-end complex
channel estimation. Consequently, no prior work has addressed
channel estimation within a fully integrated RIS-NOMA-THz
framework, nor has the performance of such a system been
evaluated under the generalized o — p fading model, which
provides a more versatile representation of the scattering and
non-linearity observed in high-frequency communications.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a downlink communication system that uses
RIS-NOMA in the THz band over a—u fading channels, as
illustrated in Fig. 1. The system architecture has a base station
(BS) with N antennas, a RIS with M reflecting elements, and
J single-antenna user equipments (UEs), enabling a multi-
user MISO architecture. In this scenario, it is assumed that
both the BS and the RIS are fixed, while only the UEs are

slowly moving away from the BS. Additionally, each RIS
element is presumed to be sufficiently distant to guarantee
signal uncorrelation and minimize mutual signal interference.
Furthermore, since the direct channel between the BS and
the UE is assumed to be blocked by obstacles, the signal is
received at each UE through a cascaded channel consisting
of the BS to RIS channel and the RIS to UE channel.
Throughout this paper, we assume that the wireless channels
are quasi-static within a coherence block of duration 7. For
THz communications, the high carrier frequency and slow
UE movement result in a coherence time on the order of
a few milliseconds. The complete cascaded channel matrix
from the BS to all UEs via the RIS at time ¢ is denoted by
G(t) € C7*N7_ whose j™ row corresponds to the per-user
cascaded channel g; (t) € CY*N7 [80], [81], and is calculated
as

g;(t) = prs(t)k; (1)®;(HH(t), (1)

here, the diagonal coefficient matrix ®,(t) of size M x M
is defined as diag{¢} with ¢ = A1e?% Agei®2 ... Apeifm
where A, represents the amplitude reflection coefficient and
0, € [0,27] represents the phase shift for the m'* RIS
element. The large-scale fading component prs(t) captures
both the propagation loss and molecular absorption, and is

calculated as [62]
prs(t) = Me—égm(dﬁdm @
(4 f)*(drdz,;) ’

where c is the speed of light, Ag, and Ag, are the antenna
gains at the transmitter and receiver, respectively, f is the
operating frequency in GHz, d; is the distance in meters from
the BS to the RIS, d3 ; is the distance in meters from the RIS
to UE;, and o( f) denotes the molecular absorption coefficient.
The molecular absorption coefficient varies with the operating
frequency [71]. For the 275-400 GHz range, it is determined
according to the absorption loss model in [61].

The channel matrix from the BS to the RIS is represented
by H(t) € CM*N7_ Ag both the BS and RIS are fixed, this
link is assumed to be time-invariant. The channel matrix from
the RIS to UE; is denoted as k;(t) € CM*!, and ki (t) is
its Hermitian transpose. The small-scale fading components
of both these channel matrices are modeled using the a—p
distribution, which effectively captures the wireless channel’s
nonlinear and clustered multipath characteristics. The PDF of
the a—p fading envelope is given by

afeH z o
foss (z) = Q(wﬂr(u)zaﬂle(ﬁﬂ) ) 3
here a > 0, known as the power parameter, controls the
nonlinearity of the propagation medium and shapes the fading
distribution. The parameter p > 0 denotes the number of
multipath clusters and characterizes the clustering intensity of
scattered waves [38]. Both « and p parameters govern the
severity of fading. An increase in either parameter, while the
other is kept constant, corresponds to less severe fading, while
a decrease in either parameter results in more severe fading
[43]. The parameter {2 denotes the expected value of the signal
envelope, and I'(+) is the Gamma function. The normalization

factor 3 is given by 8 =T'(u + 1/a)/T' (1) [38].
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Fig. 1: System model for a down-link RIS-NOMA-assisted
THz communication system

Singular value decomposition (SVD) based optimal beam-
forming [82] is used at the BS to transmit the superimposed
NOMA signal toward the RIS. The BS is assumed to have
perfect knowledge of the cascaded channel BS — RIS —UE);.
This CSI is used to compute the beamforming vector w(t) €
CN7>1 by solving the optimization problem:

mg;)dH(t)w(t)\Q st |w(t)]? = 1. 4)

The solution is derived from the SVD of H(t) =
U(t)X(t)VH(t), where the optimal beamformer aligns with
the strongest spatial mode of the channel,

w(t) = vi(t), )

where vy (t) is first column of V(t), the principal right-
singular vector of H(t), corresponding to its largest singular
value oq. Here w(t) is a unit norm vector satisfying the
transmit power constraint, and this design maximizes the
received power at the RIS since |H(t)v1(t)|| = 0%, enabling
efficient reflection to all UEs via the RIS.

According to the principles of NOMA, the superimposed
signal, z(t), combines the information for all J users and is
given by [83]

z(t) =Y /Puwjs; (1), ©)
j=1

where P is the total transmitted signal power, w; is the
power allocation factor of jth UE, and s; is the signal
transmitted for UE;. We consider that the users are ordered
based on their channel gains such that near user, U 1, has the
strongest channel and is assigned the smallest power allocation
factor, while far user, UFE;, has the weakest channel and
is assigned the largest power allocation factor. The power
allocation coefficients are such that Z‘Ll w; = 1. The final
signals transmitted from the BS antennas are x(t) = z(t)w(t).
At the receiver side, at every time instant, the signal received

at each user is expressed as
1 (0) = 8, (00 8 + 1), 0
where v = P, /Ny is the transmit SNR, with Ny denoting the
noise power. The noise power Ny is computed assuming a

transmission bandwidth of 1 GHz and a receiver noise figure
Nr of 5 dB. The receiver noise n;(t) at each UE is modeled as
a zero-mean complex Gaussian random variable with variance
Ny [84].

The dataset generation process aims to simulate a two
user downlink RIS-NOMA-THz system under time-varying
channel conditions due to UE mobility. This sequential dataset
is generated for T time steps.The channel matrices H, kj (¢)
and ko(t) are generated using the a—p fading distribution
with parameters «, i, ). UE mobility at each time step
is simulated by incrementing the RIS-UE distance with wv.
The transmitted NOMA signal combines Gaussian-distributed
symbols sy (t), so(t) ~ CN(psj,0%;) with power allocation
factors wy,ws. Over T iterations, the received signals Y (¢)
and channel matrices G(t) are collected to form the dataset.
To create diverse training and testing environments the system
parameter including the number of BS antennas N, the
number of RIS elements M, the fading parameters « and p,
and the NOMA power allocation factors w; and ws are varied
across different dataset configurations. The complete workflow
is mentioned in Algorithm 1.

IV. PROPOSED MODEL

In conventional DL based channel estimation, models such
as CNNs or RNNs are trained to map the received signal to
a single deterministic channel realization. However, this may
lead to poor generalization in highly dynamic scenarios, such
as those encountered in RIS-NOMA-assisted THz communi-
cation systems, where channel characteristics are affected by
severe fading, cascaded propagation paths, and noise.

To address these limitations, we propose TRiNCE (THz
RIS-NOMA Channel Estimation), a GRU-based conditional
Wasserstein GAN for channel estimation in RIS-NOMA-THz
communications. Unlike traditional DL models that directly
predict the channel estimates, TRiNCE learns the conditional
distribution of the cascaded BS—RIS-UE channel given the
received signal at the UE by training the generator with a
combination of L2 and Wasserstein losses. Initially, the L2
loss dominates to guide the generator towards accurate channel
estimates and later Wasserstein loss takes over to capture the
full stochastic behavior of the cascaded channel conditioned
on the received signal, effectively modeling p(G | Y).

This section describes the proposed TRiNCE framework for
RIS-NOMA assisted THz communications, simulation setup
and the data preprocessing steps.

A. Proposed TRiNCE Model

Conventional Generative Adversarial Networks (GANSs)
[85], which rely solely on noise as input to the generator,
are effective at generating realistic-looking data. However,
for wireless channel estimation, generating realistic-looking
channels alone is insufficient. The generated data must also
capture the temporal dependencies and dynamic behavior of
the wireless channels. Therefore, we use a conditional GAN
(CGAN) [86], which extends the conventional GAN by provid-
ing conditional inputs to both the generator and discriminator
so that the generation process is guided by the received signal,
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resulting in channel realizations consistent with the input. De-
spite this, CGANSs still share some limitations of conventional
GAN:Ss, including vanishing gradients, mode collapse, and
unstable training behavior [87]. To address this, a Conditional
Wasserstein GAN with Gradient Penalty ((WGAN-GP) [88]
based architecture is proposed for channel estimation. In this
conditional adversarial learning setup, the generator aims to
produce estimated channel coefficients that accurately capture
the true underlying channel, while the discriminator learns to
distinguish between true and generated channel samples. The
model integrates the Wasserstein-1 distance as the adversarial
objective function, providing smoother and more meaningful
gradients compared to the conventional GANs. Additionally,
the gradient penalty term is used to enforce the Lipschitz
constraint, ensuring stable convergence during training and
mitigating the problems of mode collapse and gradient ex-
plosion [87].

The proposed TRiNCE framework is illustrated in Fig. 2.
During training phase, the discriminator is updated ng times
for every n, generator update to stabilize adversarial learning
and prevent the generator from overpowering the discriminator
too early in the training process. This framework enables
the generator to slowly learn to produce channel estimates
that closely resemble the true channel distribution, while the
discriminator continues to learn to distinguish between true
and generated samples. Once the generator is trained, it is used
to directly estimate the channel coefficients from the received
signal sequences without requiring any further adversarial
updates.

The generator, shown in Fig. 3, takes as input a sequence
of past 7 received signal samples r = [R{Y[t — 7 + 1
1]}, 3{Y[t — 7+ 1 : t]}] € R™*2, and produces the corre-
sponding channel estimates, g, for target channel coefficients
g. Each input sample is represented by two values, correspond-
ing to the real and imaginary parts of the received signal.
Two stacked GRU layers are used to capture the temporal
dependencies present in the input sequence. GRUs use update
and reset gates to control the flow of information, allowing
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Fig. 3: Generator architecture.

them to efficiently retain useful information while forgetting
non-useful information [89]. GRU is computationally simpler
and faster to train as compared to LSTM [90].

The temporal features extracted by the GRU layers are
passed through a fully connected dense layer with 64 units
and the swish activation function, followed by a dropout
layer to prevent overfitting. The dense layer serves as a
feature transformation stage, combining the learned temporal
features into a more discriminative form before generating the
channel estimate. The swish activation function [91], defined
as f(x) = z-sigmoid(z), is designed to improve over the Rec-
tified Linear Unit (ReLU) activation function. Unlike ReLU,
it introduces a smooth and non-monotonic behavior and self-
gating properties that help the network maintain small negative
activations instead of abruptly zeroing the neurons, leading
to improved convergence and performance in deep networks
[91]. Finally, a dense output layer with a linear activation
function generates F,, estimated channel coefficients. Here,
F, = Nr x 2, representing the real and imaginary components
of the cascaded channel for each of the transmit antennas.



Algorithm 1: RIS-NOMA Dataset Generation

Input: N, M,J, T v, P..f, a,p,Q, wo(f), di,
di1, d12, Ag, and Ag,.

Output: Dataset D = {(Ym, {thjﬂlt}fzv:zl)} s

Initialize the simulation parameters according tg)_ o
Table II

Initialize Y € CT*/, G € CT*/*N1 a5 empty
matrices

Generate time-invariant channel matrix H € CM*/Nt
using «, p, §2

Compute the beamforming vector w € CV7*! using
eq. (4) and eq. (5)

Compute the noise power Ny using bandwidth B and
noise figure Ng

fort=11t T do

Generate k; € CM*! using a, 1, Q

Generate ky € CM*! using «, u, 2

Compute k3 € C**M and kit € C'*M by taking
the Hermitian transpose of k; and ko

Generate s; and s, as complex Gaussian signals,
CN(1,0.1)

Compute the superimposed signal x using eq. (6)

Compute the precoded signal x =z - w

Initialize ®; € CM*M ag an empty matrix

for =11 J do

Generate n that follows CA(0, No)

Generate phase vector 8[t] ~ U(0,2m)M

Construct
o[t] = [Alejel[t]7A26j02[t]7 o ,AMejeM[t]]

Using ¢[t] compute ®;[t] = diag{e[t]}

Update distance: ds ;[t| = do [t — 1] + v

Compute path loss prs[t] from eq. (2)

for n; =1 to N do
| Compute G[t, j,n;] from eq. (1)

JT

end
Compute
Y[t 4] = X0y (Glt, jine] - 2250 +nlt, j]
end
end

N JT
Dataset D = {(Yt,j, {Gt,j,n,}n;d)}

j=1,t=1

The generator framework is trained using a joint loss
function that balances adversarial training with reconstruction
loss. The total generator loss L is formulated as

Lo = Lagv+ &2 L2, (8)

where L4, is the adversarial loss and Ly, is the reconstruc-
tion loss. L,4, encourages the generator to produce channel
estimates that accurately capture the stochastic behavior of the
cascaded channel, aligning the generated distribution with the
true channel distribution, while £ ensures that the predicted
channel has minimum prediction error.

Lo is weighed by a dynamic parameter £1,. The value
of &, is decayed over epochs to balance the adversarial

training and reconstruction accuracy. Initially, the generator
produces estimates that are far from the real data distribution.
So a higher value of &7, forces the generator to learn the
true mapping between the past sequence of received signals r
from the distribution of received signal, py, and target channel
coefficients g from the distribution of cascaded channel pg.
This gives the generator a better starting point and prevents
overfitting while maintaining robustness against noise in re-
ceived signals [92]. Over the epochs as the generator and
discriminator are trained, L,4, becomes more meaningful and
starts guiding the generator and are expressed as
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Fig. 4: Discriminator architecture.

The discriminator architecture, shown in Fig. 4 is designed
to distinguish between true channel samples and generator-
produced estimates by conditioning on both the received
signals and channel coefficients. The received signal sequence
is processed through two GRU layers to extract temporal
features, while the channel input is passed through a dense
layer with swish-activated units. Next, the extracted features
from both are combined to form a joint feature representation.
The next dense layer followed by a dropout layer processes the
concatenated features and prevents overfitting. A final dense
layer with a single neuron and linear activation produces a
scalar score representing the discriminator’s assessment of
how close the input channel sample is to the true channel
distribution.



TABLE II: Dataset Parameters

Parameter  Description Value

Nr Number of BS transmit antennas 2

J Number of UEs 2

T Simulation time steps 2000

f Carrier frequency 300 GHz
B System bandwidth 1 GHz
Np Receiver noise figure 5dB

Ag, Transmitter antenna gain 40 dBi
Ag,. Receiver antenna gain 40 dBi

dy BS-RIS distance 2 m

da; Initial RIS-UE distances {8,10} m
Am Amplitude reflection coefficient 1

Om Phase shift range [0, 27]

v UE speed per time step 0.1 m/step
0 Molecular absorption coefficient 3.18 x 1074
Q Expected value of the channel matrix ~ 0.22

The discriminator is trained using the CWGAN-GP loss
function [93]. The discriminator loss is formulated as

Lp=Lw+Xgp-Lap, (11)

where the Wasserstein distance component and the gradient
penalty term defined as

EW = ETNPY [D(Ta g)] - E(T,!J)NPY.G [D(Ta g)]a (12)

Lop =By, [(IVsD0r ) =17 (3)

where § = €g + (1 — €) g represents interpolated samples
between the real channels g and the generated channels, with
e ~ U]0,1]. The coefficient Agp controls the strength of the
gradient penalty, enforcing the 1-Lipschitz constraint on the
discriminator. By combining the Wasserstein adversarial loss
from eq. (12), the gradient penalty defined in eq. (13), and the
Ly reconstruction loss given in eq. (10), the overall training
objective of the proposed TRiNCE model is summarized in eq.
(14), which jointly optimizes the generator and discriminator
through adversarial and reconstruction-based learning.

InGiIl mg'X[' = E(ng)NPY.G [D(T7 g)] - ETNPY [D(T, g)]

= AarEgp, [(IV5D(09)2 = 1)7] (14

+ &2 llg — 913

B. Simulation Setup

The dataset from Algorithm 1 is generated based on system
parameters used in [40], [45], [71]. The system parameters
used for dataset generation are summarized in Table II. The
generator has two GRU layers. The first GRU layer consists
of 64 units, and the second layer consists of 32 units, allowing
the network to extract temporal features and capture both long-
term and short-term channel features. The dense layer consists
of 64 units. After the 50" epoch, « is decayed by 20% at
every 10 epochs, while the learning rates for both the generator
and discriminator are decayed by 10% every 15 epochs to
ensure stable convergence. The proposed model parameters are
listed in Table III, and the model is tested using the parameters
specified in Table IV.

TABLE III: Proposed Model Parameters

Parameter  Description Value

T Input Sequence 10

g Generator updates 1

nq Discriminator updates 2

&Ly Reconstruction loss weight 100

B Batch Size 128

Ep Total Epochs 100

le Initial learning rate of generator 1x 1073
np Initial learning rate of discriminator 1 x 1073

TABLE IV: Test Parameter Configurations

Parameter  Description Tested Values

Nt Number of BS antennas {1,2,3,4,5}

¥ Transmit SNR 10 : 5: 40 dB

(o, ) Fading parameters {(2,1),(2,2),(2,3),
(3,2), (4,3.5), (5,4),
(6,5.5)}

M Number of RIS elements {20, 25, 30, 35,40}

w1 Power allocation factor for User 1 {0.3,0.35,0.4,0.45,

0.5}

C. Inference FLOPs and Computational Complexity

For UE-side deployment, only the generator is utilized
for inference. The computational cost is dominated by the
two cascaded GRU layers with 64 and 32 hidden units over
7 = 10 time steps, resulting in approximately 253 x 103
and 184 x 10% FLOPs, respectively. The intermediate dense
layer contributes about 4 x 10> FLOPs, while the final output
layer scales linearly with the number of output channels
F, = 2Nr, contributing 130F, FLOPs. Overall, the total
inference complexity is approximately 441 x 10® + 130F,
FLOPs.

The time complexity per inference is expressed as
O(T(2H1 + H12) + T(H1H2 + H22) + HQD + DFO), where
7 denotes timesteps, H; and Hs represent the dimensions
of the cascaded GRU hidden states, D is the dense layer
size, and F,, indicates the number of output channels. In the
proposed deployment configuration, where 7, H;, Ho, and D
are fixed, the computational complexity simplifies to O(F,),
scaling linearly only with the output dimension.

D. Data Preprocessing

The raw dataset generated using Algorithm 1 consists of
complex-valued data representing the received signal Y and
cascaded channel coefficients {Gt,j,nt}ﬁ?ﬂ 3’]7:E1,t:1' Since
DL models cannot directly process complex-valued signals,
the real and imaginary parts of Y, and G are separated. In
implementation the real and imaginary parts are saved as two
separate columns named real and imag in CSV files. Separate
CSV files are created for each user and each transmitter
antenna. These CSV files are loaded and converted into real
valued tensors. The received signal at the UE serves as the
conditions for the generator network, providing it with the
necessary information for accurate channel estimation.

The dataset is partitioned into training, validation, and
testing sets using a 70:15:15% ratio. Since the received signal
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and channel coefficients have different numerical ranges, stan-
dardization is applied to ensure that each feature has a zero
mean and unit variance. The standardization parameters are
computed only from the training set to prevent data leakage
and maintain the integrity of the validation and test sets for
unbiased performance evaluation.

A sliding window approach with window size 7 is then
applied to convert the time series into supervised learning
samples, where each input sequence consists of 7 consecutive
observations of the received signal, and the corresponding
cascaded channel coefficients serve as the target.

E. Evaluation Metrics

Once the generator is trained, the channel estimation perfor-
mance of the TRiNCE framework is evaluated using root mean
squared error (RMSE), mean absolute error (MAE), NMSE,
and the coefficient of determination R?. RMSE quantifies the
average deviation of the estimated channel coefficients from
the target channel coefficients, effectively penalizing larger
errors. MAE provides a robust assessment of the average
estimation accuracy. While RMSE and MAE provide valuable
absolute error measurements, their scale-dependence makes
it difficult to compare models across different datasets with
varying scale. To address this, NMSE is a scale-independent
metric that normalizes the estimation error power by the actual
channel power, thereby indicating how well the model recon-
structs the channel relative to the signal strength. Finally, the
R? score evaluates how well the generated channel statistics
match the variance of the actual wireless channel environment.

In terms of performance trends, lower values for the error
metrics (RMSE, MAE, and NMSE) indicate higher estimation

accuracy, whereas a higher R? score , closer to 1.0, indicates
a better fit to the actual channel statistics. These metrics are
defined as follows:

RMSE = (15)
MAE = — (16)
Y lgi = gil?
NMSE = == A0 (17)
> i1 19l
N A2
R2 -1 Z’L;l |g’b gjL ’ (18)
> i1 19 — 9l

where N denotes the total number of test channel samples, g;
represents the actual target channel coefficient, g; denotes the
estimated channel coefficient, and g = % Zf\;l g; 1s the mean
of the actual channel response.

V. RESULTS AND DISCUSSION
A. Model Performance Under a Specific RIS-NOMA Scenario

The performance of the TRiNCE model is evaluated using a
testing configuration of «v and p values of (2, 1), corresponding
to the Rayleigh fading scenario, 20 RIS elements, a power
allocation factor of 0.3, and two base station antennas. In this
setup, GG represents the cascaded channel between the UE
and BS antenna 0, and G represents the cascaded channel
between the UE and BS antenna 1. Each channel component
is complex-valued, consisting of real and imaginary parts.



Fig. 8 illustrates the training loss history for both the
generator and the discriminator over 100 epochs. As observed
in Fig. 8a, the generator loss decreases rapidly during the
initial epochs and then stabilizes, indicating that the model
successfully learns the underlying channel distribution. Si-
multaneously, the discriminator loss as shown in Fig. 8b
converges to a stable equilibrium near zero, demonstrating
that the adversarial training process has reached a stable state
without mode collapse or divergence.
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Fig. 8: Training convergence behavior of the TRiNCE model
showing (a) Generator loss and (b) Discriminator loss over
epochs.

Fig. 5 shows the model’s prediction performance on unseen
test data. The time-series plots show that the predicted val-
ues closely track the true channel coefficients, with minimal
deviation throughout the test sequence. The model achieves
high prediction accuracy across all channel components. For
User 1, the R? were 0.8719 and 0.8624 for the G real and
imaginary components, respectively. For GGy, the scores were
0.8325 (real) and 0.8466 (imaginary), resulting in an overall
accuracy of 0.8533. Similarly, for User 2, the model attains R
scores of 0.8958 for G real, 0.8710 for G imaginary, 0.8269
for G; real, and 0.8182 for (G; imaginary components, with
an overall accuracy of 0.8530. A complete set of performance
metrics for both users, including RMSE, MAE, and NMSE for
all components, is summarized in Table V. The consistently
high performance across both users, with overall accuracies

exceeding 85%, demonstrates the model’s effectiveness in
multi-user RIS-NOMA channel prediction scenarios.

TABLE V: Performance Metrics Comparison for User 1 and
User 2

Component R2 RMSE MAE NMSE
User 1
G real 0.8780 1.26x10~% 9.88x10~Y  0.1220
Go imag 0.8619 1.27x10~% 1.03x10~8  0.1378
G real 0.8175 1.37x10~% 1.06x10~8  0.1824
G imag 0.8502 1.27x10~8  1.02x10~%  0.1497
Overall 0.8519 1.29x10~% 1.03x10~8  0.1462
User 2
Gy real 0.8958 1.14x10~% 9.13x10~2  0.1040
Go imag 0.8710 1.27x10~% 1.00x10—8  0.1281
G real 0.8269 1.25x10~% 1.02x10~8  0.1725
G1 imag 0.8182 1.32x10~% 1.08x10~8  0.1812
Overall 0.8530 1.25x10~% 1.00x10~—8  0.1422
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Fig. 9: Overall performance of the proposed channel estima-
tion model under varying numbers of RIS elements.

B. Model Performance Under Varying Channel Conditions

Fig. 6 and Fig. 7 present the model’s performance for
User 1 and User 2 under different a—u fading configurations.
These configurations range from « and g values of (2,1),
which is for Rayleigh fading, to « and p values of (6,5.5),
which denotes milder fading conditions. As the severity of
fading decreases, the model’s prediction accuracy improves
significantly. For User 1 this is reflected by overall R? scores
increasing from 0.852 under Rayleigh fading to 0.949 under
milder fading conditions. Error metrics also show a significant
reduction of overall NMSE values reducing from 0.146 to
0.051. This trend highlights that under milder fading con-
ditions, the channel becomes more predictable, enabling the
model to learn the underlying nonlinear mapping between the
received signal and the channel response more effectively. Fur-
thermore, both real and imaginary components show similar
performance behavior, confirming that the model effectively



TABLE VI: Performance and Complexity Comparison of Different Models

Model RMSE R2 MAE NMSE  Parameters
CNN 1.15x 1078 0.8433  9.14x 10~  0.1555 223,812
CNN-LSTM 1.03x 1078 08756 8.12x 1079  0.1243 650,372
GRU 1.03x 1078 08757 8.26x 1079  0.1238 64,452
LSTM 1.02x 1078 08772 815x 10792  0.1227 77,444
Proposed Model 9.16 x 10~2  0.9006 7.24 x 10~2  0.0988 53,893
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Fig. 10: Overall performance of the proposed channel estima-
tion model under varying power allocation factor w;.
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Fig. 11: Overall performance of the proposed channel estima-
tion model for different numbers of BS antennas.

handles the complex-valued nature of the signal. Similar re-
sults are observed for User 2, where overall R2 score improves
from 0.853 to 0.950 and overall NMSE decreases from 0.142
to 0.050, showing that the model is robust, stable, and has
good generalization capability across different users and fading

Fig. 12: Overall performance of the proposed channel estima-
tion model under Different SNR conditions.

environments. Overall, these results show that the model is
effective in accurately estimating channel characteristics under
a wide range of channel conditions.

C. Model Performance Under Varying Number of RIS Ele-
ments

The performance of the proposed channel estimation model

is evaluated for different numbers of RIS elements with o and
p values of (2,2) and wy; = 0.3. For User 1, the R? scores
of the real and imaginary parts of the cascaded channels (G
and G1) remain consistently high across all RIS sizes, with
overall R? values ranging from 0.898 to 0.904. Similarly, the
NMSE values are low and stable, ranging from 0.095 to 0.111,
indicating accurate channel estimation. For User 2, the R?
scores and NMSE values show similar trend of staying low
and stable for different number of RIS elements.
Overall, the variation across all RIS settings is minimal, with
a maximum change of only 1.1% in R?, indicating that the
model remains robust and stable across all RIS configurations
for both users. This minimal variation demonstrates the pro-
posed model’s scalability. Despite the increased dimensionality
and complexity of the channel associated with larger RIS
surfaces, the proposed framework maintains reliable estimation
performance. These results are shown in Fig. 9.



D. Model Performance Under Varying Power Allocation Fac-
tor

In Fig. 10, the overall performance of the proposed model
can be observed for different power allocation factors w;
ranging from 0.3 to 0.5 with « and p values of (2, 3), 20 RIS
elements, and two BS antennas. The overall R? values for the
real and imaginary components of the Gy and G channels
consistently exceed 0.9 for both users, achieving the highest
value of 0.922 for User 2 at w; = 0.5.

For User 1, the real and imaginary components of Gy have
high R? values, ranging from 0.9145 to 0.9240 for the real
component and 0.9159 to 0.9257 for the imaginary component.
The minimum variation suggests that the proposed model
maintains stable performance for different NOMA power
allocation factors. Similar stability can be observed for channel
(G1, both in the real and imaginary parts, with values ranging
from 0.907 to 0.925. A similar trend is observed for User
2. The R? values for the real and imaginary components of
Gy vary between 0.9362 and 0.9418 and 0.9096 and 0.9249,
respectively. The G| components have slightly lower R?
values, but they are still consistently high. The corresponding
NMSE values show a declining trend, in agreement with the
higher R? values. For User 1, the NMSE values for G range
from 0.077 to 0.097, while for G, they vary between 0.075
and 0.087. The NMSE values are slightly lower for User 2,
ranging between 0.058 and 0.095 across all components.

Overall, this stability of R? and NMSE values across
varying power allocation factors is significant for NOMA
implementations, where power allocation factors are dynam-
ically adjusted to meet user fairness conditions. The results
indicate that the proposed model is resilient to these dynamic
adjustments.

E. Model Performance with Different Numbers of BS Antennas

The performance of the proposed channel estimation model
is evaluated for different numbers of transmit antennas (/V;)
at the base station. Fig. 11 shows the performance averaged
across the real and imaginary channel coefficients of all trans-
mit antennas, ;. For User 1, the R? value decreases slightly
from 0.9513 for N; = 1 to 0.8811 for N; = 5, and the NMSE
increases from 0.0469 to 0.1184, showing some reduction
in estimation accuracy with more antennas. User 2 shows
a similar trend, with R2 decreasing from 0.9512 to 0.8774
and NMSE increasing from 0.0494 to 0.1223. These results
demonstrate the scalability of the proposed model, which
maintains robust performance even as the number of base
station antennas increases, with a performance degradation of
approximately 7.38% for User 1 and 7.76% for User 2. This
degradation is because of the increased dimensionality of the
output, as the model must simultaneously predict N; x 2 values,
corresponding to the real and imaginary components for each
channel path, increasing the complexity of the regression task.

F. Model Performance under Different SNR Conditions

The TRiNCE performance under varying SNR conditions
is shown in Fig. 12. At low SNRs, the channel estimation

is dominated by noise. At 15 dB SNR, the model already
demonstrates a strong capability to distinguish signal features
from the noise floor. As SNR increases to 20 dB, the estimation
accuracy improves, with User 2 achieving an R? of 0.918 and
User 1 achieving 0.907. The NMSE correspondingly drops
below 0.1 for both users. Beyond 20dB, a performance plateau
is reached where increasing the SNR from 20 dB to 40
dB yields negligible improvement and the NMSE stabilizes
around 0.08 and the R? remains constant at approximately
0.92. This shows that the proposed framework is highly robust,
achieving near optimal performance even at moderate SNR
levels typical of practical deployment.

G. Comparison of the Proposed Model With Other DL Models

The performance of the proposed model was compared
with other DL architectures widely used in literature for
time series prediction tasks. These models include 1D-CNN,
LSTM, GRU, and a 1D-CNN-LSTM hybrid model. The
1D-CNN captures local temporal features, recurrent models
such as LSTM and GRU are effective in modeling long-
term dependencies, and the hybrid 1D-CNN-LSTM leverages
the strengths of both convolutional and recurrent structures,
making it a strong benchmark model. The Adam optimizer
with a learning rate of 10~3 and mean squared error (MSE) as
the loss function was used in the training of each model. And
the batch size is set to 128. The baseline model architectures
are discussed as follows.

1) CNN Model: The CNN model uses three sequential 1D
convolutional layers with 64, 128, and 256 filters, each having
a kernel size of 3 and ReLU activation. This is followed by
batch normalization to stabilize the learning process. A global
average pooling layer is then applied to average the temporal
features across time. Finally, two dense layers with 256 and
128 units and ReLU activations, along with dropout rates of
0.3 and 0.2, are used before the final dense layer with F}, units.

2) LSTM Model: The LSTM model consists of four LSTM
layers, with 64, 64, 32 and 32 units, respectively. The first three
layers return sequences. The LSTM outputs are given to two
dense layers with 64 units. A dropout layer with a rate of 0.15
is applied after each dense layer. The dense layers use ReLU
activation functions and linear output layer is of F}, units.

3) GRU Model: The GRU model has the same structure as
the LSTM model with GRU layers instead.

4) CNN-LSTM Model: The CNN-LSTM model has con-
volutional and recurrent layers. The CNN block has two
ConvlD layers with 64 and 128 filters, kernel size 3, ReLU
activation, and batch normalization. The extracted features are
then passed to two LSTM layers with 128 and 256 units for
temporal processing. The dense block comprises two fully
connected layers with 256 and 128 neurons, dropout rates of
0.3 and 0.2, and a final linear output layer with Fjo units.

As shown in Table VI, the proposed model achieves the
lowest RMSE, MAE, and NMSE values while achieving the
highest R? among all compared architectures. Moreover, the
proposed model uses significantly fewer trainable parameters
compared to CNN, LSTM, GRU, and CNN-LSTM models,
which have hundreds of thousands of parameters. These results



indicate that the proposed model not only provides more
accurate and reliable channel estimation but also offers a more
computationally efficient solution.

VI. CONCLUSION AND FUTURE WORK

This paper has addressed the challenge of channel esti-
mation by proposing TRiINCE, a DL framework, utilizing a
GRU-based cWGAN-GP. The GRU-based architecture effec-
tively captures the sequential and temporal patterns present
in the received signal sequence. Furthermore, the cWGAN-
GP architecture learns and produces channel coefficients that
closely follow the statistical distribution of the actual physical
channel. We have simulated a downlink MISO system and
comprehensively evaluated the performance of TRiNCE mod-
els against several key system parameters, including varying
channel severity by adjusting the o — p values, increasing
the number of RIS elements, power allocation factors, and
the number of antennas. The results confirmed that as the
fading severity decreases, the channel estimation performance
improves. The model maintained high performance with min-
imal deviation as the number of RIS elements and power
allocation factors increased. While the model’s performance
slightly degraded with the increase in the number of BS
antennas, the proposed model’s estimation accuracy remained
high across MISO settings. These results demonstrate the
stability and robustness of the TRiNCE model in different
RIS-NOMA configurations under varying channel conditions
in MISO scenarios. In comparison to the baseline DL models,
including 1D-CNN, LSTM, GRU, and 1D-CNN-LSTM hy-
brid networks, TRiNCE demonstrated superior accuracy and
robustness with fewer trainable parameters, establishing it as
a computationally efficient and accurate channel estimation
model. To facilitate real-world implementation, the proposed
architecture decouples the computationally intensive training
from the online inference phase. Although the training of the
GAN architecture is computationally intensive, this complexity
is strictly confined to the offline phase. The online system uti-
lizes only the lightweight generator, ensuring the low latency
required for THz communications. Moreover, this lightweight
design facilitates adaptability in dynamic environments. Hav-
ing been validated across generalized o — i fading conditions,
the proposed model is proven to handle a diverse range of
channel statistics ensuring reliable operation across varying
deployment scenarios.

In future work, we can analyze and adapt the TRiNCE
framework to perform robust channel estimation in the pres-
ence of realistic hardware impairments, such as non-linear
components and THz-specific phase noise. Additionally, while
this study assumes perfect CSI at the BS to establish a perfor-
mance baseline and employs SVD-based beamforming under
this assumption, a closed-loop scenario where the TRiNCE-
estimated channel is utilized by the BS for optimized BS
beamforming and power allocation can be considered. Finally,
we can explore the feasibility of a QML, e.g., a quantum gated
recurrent unit (Q-GRU), to implement the TRiNCE model.
This direction could potentially offer exponential speedup
in channel estimation complexity and significantly improve

resource efficiency, offering a solution for future quantum-
enabled wireless networks.
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